 CyGNSS-derived signal-to-noise ratio data was utilized for soil moisture estimation  CyGNSS data can fill the gap of missing spatial and temporal values in existing satellitebased soil moisture retrieval systems  By combining CyGNSS and SMAP datasets, reliable daily soil moisture estimates from space can be achieved © 2018 American Geophysical Union. All rights reserved.
this unprecedentedly high temporal resolution data could add significant value to existing microwave-based satellite SM retrieval systems. For example, a spatial and temporal gap of one to three days in a certain region in SMAP SM data could be filled with CyGNSS-derived SM information. Consequently, predictions of vast-scale water-related natural disasters could be improved since antecedent soil moisture information at lead times of less than one to three days is necessary to predict most water-related hazards (Brocca et al., 2017; Kim et al., 2017) .
Therefore, information on daily SM variability from space would contribute to improved prediction capabilities of natural disasters. Figure S1 shows an example of the sampling frequencies of CyGNSS and SMAP over part of the contiguous United States (CONUS) area.
The CyGNSS observation shows a clear potential to fill the gap in SSO satellite observations and to make continuous SM estimates possible.
In the present study, we used the first full annual cycle of CyGNSS-derived signal-tonoise ratio (SNR) observations to investigate the sensitivity of SNR to SM variability over the CONUS area (from March 2017 to March 2018) . The overall objectives of our study are as follows: 1) to illustrate the possibility of retrieving SM by using the surface-reflected GNSS signals, 2) to evaluate the relationship between CyGNSS-derived SNR and SM using in-situ SM measurements in relation to different vegetation conditions, 3) to apply the CyGNSSderived SNR in improving the frequency of SM sampling with SMAP data, and 4) to investigate the error patterns of CyGNSS-derived SNR using triple collocation (TC) analysis considering vegetation and land use effects. We believe that this research can provide novel In this study, we utilized five different satellite datasets: 1) Level 0 CyGNSS products, 2) Half-hourly Global Precipitation Measurement (GPM) with 0.1° spatial resolution from laterun Integrated Multi-satellitE Retrievals for GPM (IMERG) products Version 4 (Skofronick- Jackson et al., 2017) , 3) Half-orbit SMAP Enhanced L3 Radiometer Global Daily 9 km EASEGrid SM and 4) Vegetation Water Content (VWC) Version 1 (Chan et al., 2018) , and 5) the IGBP Land Cover Types Classification from the Moderate Resolution Imaging Spectroradiometer (MODIS) sensors (Friedl et al., 2002) . We also used 1) SM (0-10 cm) and 2) surface temperature (0-10 cm) from hourly NLDAS-2 with 0.125° spatial resolution (Xia et al., 2012) . For the ground-based SM estimates, we employed hourly in-situ SM estimates from the International Soil Moisture Network (ISMN) (Dorigo et al., 2011) . All datasets are masked out when the surface temperature is below zero. A detailed description of the CyGNSS dataset is provided below.
Methodology

CyGNSS-derived SNR values
The frequency transmitted from GPS satellites is a microwave band (L1-band, ~19cm) with a reflected electromagnetic wave capable of conveying information about how much moisture exists in surface soil (Schmugge, 1986; Ulaby et al., 2014) . The DDM generated from signals of opportunity from GNSS are known to have a direct relationship with surface SM dynamics (Voronovich and Zavorotny 2017) . Each DDM is characterized by the scattering geometry (i.e., incidence and scattering angles), antenna gains, distance, and dielectric and statistical properties of the surface (Alonso-Arroyo et al., 2016) .
where ̂ is a relative time delay and ̂ is a Doppler frequency. In the present study, we assumed a homogenous, smooth land surface with different incidence angles. This means that we assumed that much of the signal originates from coherent reflections and ignored incoherent reflections because strong coherent scattering of GNSS signals has been shown over land (Carreno-Luengo et al., 2016) . For the coherent component contribution part of the signal, the DDM can be expressed based on the Friis transmission formula and the Fresnel reflection coefficient of the equivalent smooth surface at ̂ and ̂ bin as follows (Ulaby et al., 2014; Voronovich and Zavorotny 2017) :
where is the transmitted Right Hand Circular Polarization (RHCP) power, is the wavelength (~19 cm) of the L1-band, is the Woodward Ambiguity Function (WAF), ̅ (̂,̂) and (̂,̂) are the transmitter and the receiver antenna gains, ̅ (,̂) is an average reflection coefficient, and (̂,̂) and (̂,̂) are the transmitter-to-surface and surface-to-receiver range losses.
Over land surface, the variability of (,̂), the reflection coefficient, is a function of soil wetness conditions and incidence angle (θ i ). In a natural land surface, the probability density function (PDF) of measured height of the ground surface is well modeled by a Gaussian
(ε cos θ i + √ε − sin 2 θ i )(cos θ i + √ε − sin 2 θ i ) Eq. (4) Ψ is function of surface rms height (s) and the incidence angle (θ i ) as follows (Ulaby et al., 2014) :
The large difference in is the basis for estimating SM when a signal is sensitive to . The of dry and wet soil is approximately 3 and 25 respectively, and the electromagnetic roughness in Eq. (4) (i.e.,
2
) for the smooth and rough surfaces is approximately 0.2 and 0.5~1.94 (De Roo & Ulaby,1994) . Figure S2 shows how CyGNSS-derived reflection coefficient values can relate to the dielectric constant and consequently can be applied to soil wetness estimations.
This illustrates the simulated reflection coefficient values (,̂) with respect to different SM conditions for four different surface roughness values and different incidence angles; as SM increases, the reflection coefficient increases. Based on Figure S2 and the equations (3) to (5), we see that CyGNSS-retrieved | ℎ (,̂)| 2 can potentially detect surface SM variability with respect to different θ i and s. This CyGNSS-derived | ℎ (,̂)| 2 can be directly described using the SNR of the scattered signal--the ratio of the CyGNSS-observed reflect peaks of | (,̂)| 2 to the direct peaks of | (,̂)| 2 power waveforms. A detailed calculation of compensation for the noise power floor and the antenna gains used to calculate SNR can be found in the CyGNSS handbook (Ruf et al., 2016b) . In order to compare SNR with SMAP and NLDAS-2 datasets, we re-projected SNR observations into 9 km EASE-Grid cells of equivalently-sized enhanced SMAP grid projections and assumed each grid cell to be homogenous.
As shown in Figure S2 , the strong variability of the reflection coefficient with the incidence angle θ i may be a fundamental problem when SNR data is applied to SM estimates.
For example, a lower θ i reflected GNSS signal is related to a lower reflection coefficient value (different line colors) over similar surface wetness and roughness conditions. This indicates that SNR data from different θ i cannot simply be averaged out when more than one SNR value observed from different θ i exists in an intra-grid cell. Considering these issues, we propose a method for the normalization of the SNR value with respect to the reference incidence angle.
All SNR values from various θ i at (xi, yi) pixels (hereafter SNR(xi, yi, θ i )) are normalized at SNR values associated to θ i range [35°  5°] within the same pixel (hereafter SNRref(xi, yi)). A normalized SNR(θ i ) value at (xi, yi) pixel (hereafter nSNR(x i , y i , θ i ) can be obtained using equation (6) as follows:
where the μ represents the average over time and the sigma is the standard deviation of SNR datasets during the study period. This normalization process enables us to fully utilize SNR values from different incidence angles by matching the standard deviation of SNR data from various incidence angles to the reference angle's SNR dataset.
In this study, we employed a procedure and two important assumptions similar to Wagner et al. (1999a Wagner et al. ( , 1999b Figure S3 shows six specific sites with six different vegetation conditions and four land cover types (Cropland/Natural, Cropland, Open Shrublands, and Grass lands). Based on Figure S3 , we assumed a linear relationship between nSNR and the volumetric SM because we found them to be linearly dependent on ground-based SM measurements and to have linear correlation coefficient values between 0.58-0.73. We calculated the relative value of nSNR (hereafter rSNR) using the following equation (7): rSNR(x i , y i , ) = nSNR(x i , y i , ) − nSNR dry (x i , y i ) nSNR wet (x i , y i ) − nSNR dry (x i , y i )  Eq. (7) where the xi and yi are a location of 9 km EASE-Grid projection at time t and  is the soil porosity. The rSNR value can vary from 0 to 1, where 1 indicates all soil pores are filled with liquid water and 0 indicates the SM content to be at or near the wilting point. We embrace the same hypothesis as Wagner et al. (1999c) , that rSNR is equal to the degree of saturation in the top layers of the soil: the degree of saturation is the ratio of the volume of water contained in the soil and the volume of pores. Using this rationale as a base, we can obtain the volumetric SM by multiplying the rSNR value with the soil porosity value. In this study, we calculated the porosity values by applying the equations of Saxton and Rawls (2006) based on soil texture characteristics from the Harmonized World Soil Database.
Validation methodologies and statistical metrics
The CyGNSS rSNR and SMAP SM data were evaluated against point-scale groundbased SM estimates. We calculated the Pearson correlation coefficient (R) values and only considered the values at p < 0.05. However, this conventional statistical indicator, R-value, has four major limitations in validating satellite-based data against in-situ observations: (1) a measurement depth discrepancy occurs between the CyGNSS-derived reflectivity and in-situ sensors; (2) the in-situ observations cannot be considered as the true values since in-situ observations can have their own measurement uncertainty; (3) the in-situ observations are sparsely located, so they provide only limited regional satellite-derived data performance; and (4) the two pairs of datasets being compared represent quite different levels of spatial resolution (e.g., areal average value vs. point-scale value) (Dorigo et al., 2015; Zohaib et al., 2017) .
In order to evaluate rSNR against ground-based SM estimates, we applied an exponential filter to rSNR values because the CyGNSS-derived reflectivity originates from the topsoil layer (0-5 cm), while in-situ SM sensors are installed at a certain depth below the surface (~10 cm). The exponential filter allows us to overcome the depth discrepancy between rSNR and ground-based measurements by estimating the average rSNR value over a layer in the soil profile, also called the Soil Water Index (SWI). We calculated SWI from rSNR (hereafter rSNRSWI) using the following recursive equation proposed by Albergel et al. (2008) : Eq. (9) where T represents the characteristic time length in days. In previous studies, an optimum T (Topt) value approach was proposed based on the Nash-Sutcliffe score to match the profile SM values at each in-situ station. In the present study, we also employed Topt to match the depth of satellite-and ground-based SM data at each in-situ station. To initialize the exponential filter, rSNR SWI 1 was set to rSNR(t1) and K1 was set to 1, following Albergel et al. (2008) Furthermore, we employed the TC method to evaluate large-scale rSNR values because the TC method does not require additional reference values as conventional metrics (Gruber et al., 2016) . The TC method can address limitation (2) through (4), which we mentioned above.
TC assumes independent errors, so we selected SM products with derivations as distinct as possible to avoid the chance of similarly retrieved SM values having partially correlated errors.
That is, we calculated the TC-based R-value (Ri) with a triplet including radiometer-based SM and model-based SM products along with CyGNSS rSNR data.
Combined CyGNSS rSNR and SMAP SM
We combined CyGNSS rSNR and SMAP SM products to take advantage of the high sampling frequency (day -1 ) of CyGNSS observations. To combine these two datasets, we needed to reconcile the systematic differences between SMAP SM and rSNR. These systematic differences between rSNRSWI and SMAP SMSWI can be removed through the normalization of rSNRSWI (hearafter rSNRnorm) against a SMAP SMSWI (Draper et al., 2009). We combined two datasets (hearafter cSM) after removing their systematic differences with the following Eq. The results of the average R-values and sampling frequency (day -1 ) for CyGNSS rSNRSWI and SMAP SMSWI, and for cSM against the in-situ SM, are shown in Table S1 . In terms of average R-value, SMAP showed better performance than CyGNSS. It has been proven that L-band radiometry provides better sensitivity to SM than other instruments (Kerr et al., 2010) . However, SMAP has a lower sampling frequency than CyGNSS, indicating that CyGNSS-derived rSNR has the potential to fill the temporal gap in SMAP SM estimates. When
CyGNSS and SMAP are combined, the average R-values are 0.62 with a revisiting time of more than once per day (f > 1 day -1 ). The results of the combined product's R-values and a sampling frequency of more than once per day are very encouraging. These results show a strong potential for the synergistic use of CyGNSS data with passive or active sensor-based SM data; together, they can improve both the spatial and temporal resolution of SM retrievals.
Error pattern estimation from TC statistics
Since vegetation is one of the most important parameters to be considered in the SM retrieval algorithm, we evaluated the performance of SM estimation from rSNR using the TC metrics with regard to various ranges of VWC values. Firstly, the signal reflected from the dry surface originates from deeper layers of soil, causing significant problems in the SM retrieved from microwave-band instruments over arid regions (Holmes et al., 2006) . Under extremely dry conditions, a low-frequency microwave signal penetrates more deeply into the soil layer. Decreasing the SM content leads to an exponential-like increase in penetration depth (Ulaby et al., 2014) . For example, a GPS signal soil beneath shallow soil (Wagner et al., 2013) ; thus, significant problems can arise when SM is retrieved from passive and active microwave-band instruments (Kim et al., 2018) . Secondly, these dry regions have relatively low SM variation; thus, the signal from the surface could be degraded by the background noise of the instrument. Thirdly, the low Ri-value of densely vegetated regions might be associated with the signal attenuation and scattering caused by dense vegetation canopies. To compensate for these errors, since active sensor-based SM retrieval is known to produce better SM information than passive sensor-based SM retrieval over densely vegetated regions, active sensor-based SM estimates could be employed when CyGNSS-derived rSNR is combined with other satellite-based SM products (Kim et al., 2018) .
Conclusion
This study shows the potential of CyGNSS observations to fill the current spatial and temporal gap in SM estimations provided by existing satellite-based SM retrieval systems. We found a promising application of CyGNSS-derived rSNR in agricultural monitoring systems since rSNR reasonably describes SM variability over croplands. However, over sparsely and densely vegetated regions, the performance of SM estimation from rSNR seems to be degraded by erroneous scattering and attenuation of GPS signals. To overcome these limitations, we combined rSNR value with SMAP data. In this way we were able to achieve daily estimations of SM with reasonable data quality.
These study results were estimated based on one complete year of CyGNSS observations. However, this study length might be not enough to gain the minimum or maximum values of nSNR required for rSNR calculation. Future studies should consider both growing and non-growing seasons for the sensitivity analysis to precisely investigate the impact of vegetation effects on rSNR values. 
